Payatas landfill in Quezon City, Philippines, releases leachate to the Marikina River through a creek. Multivariate statistical techniques were applied to study temporal and spatial variations in water quality of a segment of the Marikina River. The data set included 12 physico-chemical parameters for five monitoring stations over a year. Cluster analysis grouped the monitoring stations into four clusters and identified January-May as dry season and June-September as wet season. Principal components analysis showed that three latent factors are responsible for the data set explaining 83% of its total variance. The chemical oxygen demand, biochemical oxygen demand, total dissolved solids, Cl À and PO 4 3À are influenced by anthropogenic impact/eutrophication pollution from point sources. Total suspended solids, turbidity and SO 4 2À are influenced by rain and soil erosion. The highest state of pollution is at the Payatas creek outfall from March to May, whereas at downstream stations it is in May. The current study indicates that the river monitoring requires only four stations, nine water quality parameters and testing over three specific months of the year. The findings of this study imply that Payatas landfill requires a proper leachate collection and treatment system to reduce its impact on the Marikina River.
INTRODUCTION
A major source of pollution of water resources is landfill sites, which are growing due to ever-increasing domestic, commercial, municipal and industrial waste. Landfills produce leachate that can seep into groundwater or be carried into rivers and lakes. Landfill management is a challenging issue in developing countries due to lack of regulation and control as well as poor design, construction and maintenance of leachate management systems.
Experimental studies have been done for specific rivers in selected developing countries to examine river pollution due to landfill leachate by analyzing water quality parameters such as organic, inorganic and heavy metal content (e.g., Kjeldsen et al. ; Mor et al. ; Yusof et al. ) . Marikina River in Quezon City, Philippines, is a main river that used to be classified as Class 'A' of the DAO Standards of the Philippines (DENR ; Sia Su ). Since late 1990s, Marikina River has been seriously polluted due to various point and non-point sources associated with landfills, solid waste and wastewater disposal from nearby communities and runoff from agricultural lands along the river (Sia Su ). Payatas landfill, located in Quezon City, is closer to the Marikina River and discharges its leachate to the river through Payatas creek. Payatas landfill was constructed without an appropriate bottom liner and it does not have a proper leachate management system. In the Philippines, studies on impact of landfill sites such as Payatas on nearby rivers are rarely available. A critical need exists for such studies to facilitate river pollution control and landfill management. With this background in mind, an experimental study of Payatas leachate and the water quality of a Marikina River segment and two creeks discharging to the river was conducted. Chounlamany () presents the details of experimental study.
Multivariate statistical methods such as cluster analysis (CA) and principal component analysis (PCA) have been widely used as unbiased methods in the analysis of water quality data to obtain useful information such as a reduced number of latent factors/sources of pollution and assessment of temporal and spatial variations (Vega et The objectives of this study are to apply the CA and PCA to a set of water quality data involving a segment of Marikina River and assess information about the similarities and dissimilarities among the sampling stations due to spatial and temporal variations; and identify the water quality characteristics due to natural or anthropogenic influences of point sources and non-point sources such as Payatas landfill leachate and creeks carrying domestic waste. It is hypothesized that leachate from Payatas has a significant effect on the water quality of the Marikina River, especially during the dry season.
METHODS

Description of study area
The Marikina River has depths ranging up to 20 m, spans from 70 to 120 m, and a total area of nearly 75.2 hectares and is 27 km long. The climate of the Philippines is characterized by relatively high temperature, humidity, rainfall and typhoons. Metro Manila region has two seasons based on rainfall, the dry season from November to April and the wet season over the remainder of the year (Flores & Balagot ) . The Marikina River is subjected to pollution from a variety of points (e.g., Payatas landfill, creek outfalls) and non-point sources (e.g., domestic waste disposal from communities along the river banks, agricultural runoff, etc.). A network of sampling stations as shown in Figure 1 was established to study the effects of Payatas landfill leachate and creeks discharging to the river. Station M1, located upstream of Payatas creek, has no influence from the landfill. Station M2 was approximately 0.7 km from M1 and downstream of the Payatas creek outfall. Station M3 was approximately 1.1 km downstream of M2 but upstream of where a second creek that carries municipal waste meets the river. M4 was approximately 0.9 km downstream of M3 and downstream of the second creek outfall. M5 was approximately 1.5 km downstream of M4. Stations P, C and L were located on Payatas creek, the creek carrying municipal waste and the landfill site, respectively ( Figure 1 ). It was noted that three small creeks carry domestic waste in to the Marikina River between M4 and M5 and the area has a lot of agricultural activity.
Monitored parameters
Davis & Cornwell () discuss the commonly used parameters for water quality characterization. The important physical parameters are temperature, pH, electrical conductivity (EC), total dissolved solids (TDS) and turbidity, whereas the dissolved oxygen (DO), chemical oxygen demand (COD), biochemical oxygen demand (BOD), anions (Cl À , NO À 3 -N, SO 2À 4 , PO 3À 4 -P) and relevant heavy metals (Cd, Pb, etc.) are the common chemical parameters. The 12 physico-chemical parameters (pH, EC, TDS, total suspended solids (TSS), turbidity, DO, COD, BOD, Cl À , NO À 3 , SO 2À 4 , PO 3À 4 ) were chosen based on the literature review and general knowledge of the region and landfill. BOD and COD are representative of the total organic content of leachate and river water. Heavy metal contents of the Payatas leachate and the river are very low based on experimental studies (Chounlamany ).
Sampling was done during March to December 2013 and January and February 2014, except in August and November 2013 due to heavy rain. The samples were analyzed for the 12 parameters mentioned previously. All water quality parameters are expressed in mg L À1 , except pH, EC (μS cm À1 ), temperature ( W C) and turbidity (NTU).
The experimental procedures and data quality for water quality testing were ensured by following Standard Methods for the Examination of Water and Wastewater (American Public Health Association ). The procedure includes blank samples of distilled water and three duplicate samples for each parameter measured. The averages of samples were used in the analysis. Details of the experimental methods and equipment used are given elsewhere (American Public Health Association ; Chounlamany ).
Multivariate statistical methods
Cluster analysis
CA is an unsupervised pattern recognition technique that uncovers the intrinsic structure or underlying behavior of a data set without making a priori assumption about the data, in order to classify the objects of the system into categories or clusters based on their nearness or similarity (Vega et al. ; Shaw ) . Hierarchical clustering is the most common approach, in which clusters are grouped sequentially, by starting with the most similar pair of objects and forming higher clusters step by step, and is typically illustrated by a dendrogram. A dendrogram provides a visual summary of the clustering processes, presenting the map of groups with a dramatic reduction in dimensionality of the original data.
Principal component analysis
PCA is a multivariate statistical technique which is designed to transform the complexity of input variables with a large volume of information into new, uncorrelated variables, called principal components (Shaw ) . It allows identification of hidden patterns in the data. In terms of statistical analysis, PCA mainly involves the following six major steps (Shaw ): (1) start by coding the variables x 1 , x 2 , x 3 ,…, x p to have zero means and unit variance, and standardize the variables to make sure they have equal weight in the further analysis; (2) calculate the covariance matrix; (3) calculate the correlation matrix; (4) calculate the eigenvalues and the corresponding eigenvectors; (5) rank eigenvalues and corresponding eigenvectors by the order of numerical values and discard components interpreting a small part of total variance in the data set; (6) develop the variable loading matrix to infer the principal parameters.
RESULTS AND DISCUSSION
Descriptive measures of river water quality data PCA and CA of water quality data sets were performed using XLSTAT software (version 2014.1), and all experimental data was normalized to zero mean and unit variance (Shaw ). The range, mean and coefficient of variation (CV) of the water quality data of Marikina River are given in Table 1 . The mean values of temperature as well as pH at different stations do not vary much, and the CVs (given in parentheses) are small, implying that spatial and temporal effects are relatively minor. This is consistent with tropical environments like the Philippines (Flores & Balagot ).
Singh et al. () also observed similar behavior in their study of Gomti River in India. EC, turbidity, DO, TDS, COD, BOD, Cl À SO 2À 4 , NO À 3 and PO 3À 4 show high dispersion of data (high CV). The highest mean values of EC, TDS, COD, BOD and Cl À are observed at M2, whereas the smallest mean values of DO are at M2 and M5. M1 has the highest average DO value and the lowest average COD. The highest variation in mean values between stations is observed in the case of DO, BOD and COD, which confirms the high organic content coming from pollution sources as well as decomposition. Singh et al. () also observed similar variation between sampling stations in their study of a river with point and non-point sources of pollution. It is also observed that TDS and Cl À have high mean values at M2 compared with other stations, which implies high inorganic loading from landfill (Kjeldsen et al. ; Yusof et al. ) . Mean values of inorganic parameters SO 2À 4 , PO 3À 4 and NO À 3 (except M2) are not substantially different between stations, implying minor spatial effects. However, the CVs of these parameters at different stations are relatively high, confirming substantial temporal variation resulting from seasonal factors such as rain, flooding and agricultural activity. Table 2 summarizes the results of a correlation analysis. Note that data from all river sampling stations were combined to calculate the correlation matrix. EC correlates well with TDS and Cl À , while turbidity also shows good correlation with TSS. TDS and Cl À represent inorganic matter, which naturally correlates well with EC (Davis & Cornwell ) . Turbidity correlates well with TSS because it depends on the suspended solids in the water. TDS also correlates well with Cl À , whereas COD shows strong correlation with Cl À . Cl À and COD correlation could be due to the same source of origin from leachate (Kjeldsen et al. ) . DO shows negative correlation with temperature, since the solubility of oxygen decreases with temperature (Li & Liao ) . COD, Cl À , TDS and PO 3À 4 are also negatively correlated with DO, as organic matter is partially oxidized by DO, while nutrients cause eutrophication of water, which results in an increase of organic matter, leading to a further increase in oxygen demand (Li & Liao ) .
Temporal similarity and period grouping Figure 2 shows a dendrogram generated by temporal CA that confirms the 10-month monitoring period can be represented by three temporal clusters. Cluster 1 (the first period) includes January to May and July, generally corresponding to the dry season in the Philippines (traditionally December to April), which is the low flow period of the river.
Cluster 2 (second period) includes October and December, representing the transition period from wet to dry season, approximately corresponding to the typical mean flow period. Cluster 3 (third period) includes June and September, corresponding to the wet season (traditionally May to November) involving high flow rates. July was quite dry, while heavy rain was noted in August and November (no data collected) with dangerously high water levels and high flow rates. Figure 2 confirms that river monitoring must be done at least three times, corresponding to the three clusters. It also shows that the temporal patterns of water quality data have to take into consideration the transition from wet to dry season as well as localized weather patterns within a year. A good example is the month of July, which would normally be considered a wet month but was relatively dry in 2013. Other researchers also found that temporal clusters do not necessarily align with traditional dry and wet seasons, and adjustments are needed to recognize the actual seasonal weather patterns (Wang et al. ) . Figure 3 shows that the stations can be grouped into four clusters, which also implies pollution from different sources and quality of water. Group 1 consists of Station M1, the upstream station treated as the base station for pollution assessment. Station M3 belongs to Group 2; however, the dendrogram indicates that M1 and M3 can be clustered into a single group (see also Table 1 ). This behavior implies that the river still retains some selfpurification capacity, as Payatas creek adds a substantial organic load between M1 and M3. Group 3 consists of downstream stations M4 and M5, where pollution is increased (see Table 1 ) due to agricultural and domestic waste disposal through several creeks. Group 4 consists of Station M2, which is directly affected by leachate loading from Payatas Creek. Table 1 shows that M2 is more polluted compared with the other four stations based on the average values of COD, BOD, DO, TDS and Cl À . In summary, the station clustering observed here is similar to the three clusters noted by Singh et al. () associated with relatively low (M1 and M3), moderate (M4 and M5) and high pollution (M2) states. The results from CA indicate that efficient and rapid assessment of water quality of Marikina River segment is possible using the representative sites from temporal and spatial groups. This would lead to the design of an optimal monitoring strategy with fewer sampling stations and monitoring times at reduced costs (Cui et al. ; Wang et al. ) . According to the CA results, the frequency of monitoring can be decreased to three times a year (e.g. January, June and October) and only four (or three) stations are needed (M1 and/or M3; M2; M4 or M5).
Spatial similarity and station grouping
Box plots of water quality parameters
The box plots of the individual water quality parameters showing the temporal variations corresponding to the three periods from CA are shown in Figure 4 . These were prepared by combining data at all stations corresponding to each period as shown in Figure 2 for a given parameter. The median value, first (Q 1 ) and third (Q 3 ) quartile values, lowest value and highest values for a given period were determined for each parameter by analyzing the data for all stations for the specific period. The line across the box shows the median concentration and the bottom and top show substantial variations between the three periods and quite different individual patterns. DO shows (Figure 4(g) ) a larger magnitude from the first period (dry season) to the third period (rainy period). This is due to increasing river flow rates that cause more aeration as well as aeration directly resulting from raining (Davis & Cornwell ) .
The distribution of DO data is quite balanced during the first and second periods, but during the third period the distribution is skewed towards the lower concentrations (longer whisker at the bottom). Turbidity and TSS concentrations increase from period 1 to period 3 due to heavy rain bringing more sediment from upstream, nearby agricultural land as well as erosion of river banks (Wang et al. ) . EC, TDS, COD, and NO À 3 show a decreasing magnitude from the first period to the third period. This is due to the fact that during dry seasons the river flow rate is low and pollution loading from landfill and non-point sources results in higher concentrations of these parameters. As the river flow rate increases substantially during the rainy months, the concentrations get reduced. Furthermore, the box plots of these variables for the first period show long whiskers, implying a large spread of magnitudes and distributions skewed towards either higher or lower concentrations. This also implies a higher effect of pollution sources during dry season. In general, the second period, which corresponds to transition from wet to dry season and stable river conditions, shows, the smallest box plots, implying relatively stable conditions along the river.
Cl À , SO 2À 4 and PO 3À 4 show decreases from the first period to the second period, then an increase in the third period. As noted by Chounlamany () through creek water sample testing during dry months, the concentrations of these water quality parameters are relatively high. In addition, their distribution is also larger except for SO 2À 4 . The second period (transition from dry to rainy months) has moderately high river flow rates that cause dilution of water quality parameters. The concentrations increase during the rainy months (third period) as regional flooding and drainage increase the pollution loading coming into the river from domestic, agricultural and other sources.
It was noted during field visits that a substantial amount of domestic waste got carried away into the river through creeks and regional flooding during heavy rain. During rainy months, the concentration of some chemical constituents increases at the upstream station M1 due to contributions from sources upstream of M1, which also results in a general increase of concentrations at downstream stations. Based on the box plots shown in Figure 4 , it can be concluded that water quality characteristics of the stretch of the Marikina River under study are generally better during the rainy season compared with the dry season. The lowest spatial variations of water quality parameters are observed during the second period (transition from wet to dry season), while both dry and wet seasons show substantial variations of water quality along the river.
A second set of box plots are shown in Figure 5 to examine the influence of the spatial clustering shown in Figure 3 . The Group 1 and Group 2 box plots are similar with relatively small differences of mean values, as noted previously, through CA. pH and temperature show minor dependence on the grouping and smallest seasonal changes. Turbidity and TSS also show closer median values between the groups. However, as these box plots have a larger spread, the influence of seasonal changes is significant.
Group 4 box plots are the largest for EC, TDS, COD, Cl À and PO 3À 4 in Figure 5 and show the highest spread of data with larger bottom and/or top whiskers for these parameters. This means that seasonal variations as well as concentrations are highest at M2, confirming the significant role of Payatas landfill leachate. The DO concentration in Figure 5 (g) shows a decreasing magnitude from Group 1 to Group 4. This confirms again that M1 is the least polluted amongst the five stations in terms of organic content and M2 has the highest organic pollution level. This observation is also consistent with the increasing magnitude observed in Figure 5 (h) for COD for the different groups, as DO and COD are negatively correlated (Table 2) (Li & Liao ) . The SO 2À 4 concentration does not show substantial differences between the four groups, as the SO 2À 4 loading from Payatas creek (also leachate) was relatively low (Chounlamany ). The concentration of NO À 3 shows not much variation from Group 1 to 3 but shows a reduction at M2, possibly due to consumption of nitrites by pollutants from Payatas creek (David & Cornwell ). The municipal creek also causes a noticeable increase in the pollution level of Marikina, as DO levels decrease and TDS, EC, COD, Cl À and PO 3À 4 levels increase for Group 3 (Stations M4 and M5) due to discharge from three small creeks carrying domestic waste and agricultural runoff. River pollution characteristics observed in Figure 4 are quite similar to the observations of Singh et al. () .
PCA of river water quality data
PCA of the water quality data set covering the five stations was performed and corresponding eigenvalues obtained. Following Boyacioglu & Boyacioglu () , eigenvalues greater than 1 were retained. It is found that the first three eigenvalues together explain over 82% of the variance or information contained in the original data set. The percentage of variances corresponding to the first two (64%) and three (84%) eigenvalues are better than the variances of the first two and three eigenvalues reported in the previous studies focused on river pollution (e.g., Singh et al. ; Cui et al. ; Cai et al. ; Wang et al. ) . This confirms the strong applicability of PCA to the current set of data. Based on the theory of PCA (Shaw ), the projections of water quality parameters on the axes of PCs are called loadings and represent the correlation coefficients between PCs and variables. Table 3 shows the loading of the retained PCs. According to Liu et al. () , factor loadings were classified as 'strong', 'moderate' and 'weak' for absolute loading values of >0.75, 0.75-0.50 and 0.50-0.30, respectively. PC1 corresponds to 42% of the variance and is strongly (>0.7) contributed by EC, TDS, COD, BOD, Cl À and DO (negative) and moderately (0.5-0.7) by PO 3À 4 (nutrients from leachate and other pollutant sources), TSS (negative) and turbidity (negative). These water quality parameters also showed similar positive or negative correlation in Table 2 . This PC represents organic pollution indicator parameters associated with anthropogenic pollution sources (Li & Liao ) . Dissolved organic matter at higher concentrations consumes large amounts of oxygen and undergoes anaerobic fermentation processes leading to formation of ammonia and organic acids. Hydrolysis of these acidic materials could also cause a decrease of water pH values, as noted by the negative loading of pH in Table 2 ( Wang et al. ) . Furthermore, the negative loading of DO, TSS and turbidity agrees with past studies and negative correlation of these parameters with anthropogenic pollution sources. PC2 is strongly contributed by turbidity, TSS and SO 2À 4 and moderately by PO 3À 4 (increased flow of suspended solids and nutrients from leachate and other sources during rain) and NO À 3 (negative). This PC represents the effect of seasonal factors such as rain and agricultural activity. PC3 is strongly contributed by pH and NO À 3 (negative) and moderately by temperature (negative). PC3 is contributed by physiochemical sources of variability (Shrestha & Kazama ) . The negative correlation between pH and temperature and pH and NO À 3 can also be seen from Table 2 . Figure 6 displays a plot of the water quality parameters in the first two principal components space. PC1 has strong to moderate positive loading on COD, TDS, Cl À , BOD and PO 3À 4 and is influenced by inorganic and organic pollution from Payatas leachate and domestic wastewater through several creeks. PC1 has strong negative loading on DO, similar to the observations by Zhao et al. () , and confirms the negative correlation of DO with organic pollution (Li & Liao ; Singh et al. ) . PC2 has positive loading on TSS, turbidity and SO 2À 4 (associated with leachate, domestic wastewater and agricultural runoff), which are mostly increased by rain, flooding and soil erosion. These parameters negatively correlate with organic/inorganic pollution and have negative PC1 loading.
Inorganic pollutants primarily affect EC, whereas TDS is affected by both organic and inorganic pollution. Moderate negative loading of PC2 on NO À 3 points to the use of fertilizer and agriculture activity, which often happens during dry season and at the end of rainy season. Both PC1 and PC2 have weak negative loading on pH, as it is known to negatively correlate with BOD, and rain increases the acidity of water (Zhao et al. ) . Figure 7 shows a score plot of the river water quality status at different stations and months in the first two principal components space. It is clear that the highest state of pollution is observed at station M2 from March to May 2013 (dry season). With respect to the stations M3 and M5, the worst pollution is observed in May 2013, whereas for station M4 it is in April 2013. The lowest inorganic and organic pollutants (high DO content) are found in September at M1, M2 and M3 and in December at M4 and M5. The highest seasonal effect was found in October at M4 and M5 and in June at M1, M2 and M3. Comparison of the water quality state of different stations from Figure 7 clearly shows that station M2 is significantly affected compared with other stations.
In general, it can be concluded that pH and NO À 3 do not influence the Marikina River stretch under consideration. It is therefore recommended that in the next sampling study, it is unnecessary to measure these parameters. Since turbidity, TSS and SO 2À 4 have influence mostly during raining season, these parameters can be measured only during wet season, whereas temperature and pH require only one measurement per year. The most significant parameters for the Marikina River pollution are TDS, Cl À , DO, COD, BOD and PO 3À 4 .
CONCLUSIONS
CA shows that the monitoring period can be divided into three temporal clusters representing dry, wet and dry-wet transition periods. The five sampling stations represent four spatial groups, and the frequency of monitoring can be limited to three times per year using only four river stations, M1, M2, M3, and M4 or M5. PCA confirms that three latent factors are responsible for the present water quality data set explaining 83% of total variance. TDS, Cl À , DO, COD, BOD and PO 3À 4 are the most significant water quality parameters for Marikina River, indicating that pollution is mainly from point sources of anthropogenic/eutrophication nature. TSS, turbidity and SO 2À 4 are mostly influenced by seasonal factors and soil erosion. pH and NO À 3 have a minor influence on Marikina River. The highest state of pollution is observed at M2 from March to May 2013 and for M3 and M5 in May. These findings could guide design of a comprehensive river water quality monitoring program for Marikina River and regional water bodies.
